Object. A brain-machine interface (BMI) offers patients with severe motor disabilities greater independence by controlling external devices such as prosthetic arms. Among the available signal sources for the BMI, electrocorticography (ECoG) provides a clinically feasible signal with long-term stability and low clinical risk. Although ECoG signals have been used to infer arm movements, no study has examined its use to control a prosthetic arm in real time. The authors present an integrated BMI system for the control of a prosthetic hand using ECoG signals in a patient who had suffered a stroke. This system used the power modulations of the ECoG signal that are characteristic during movements of the patient's hand and enabled control of the prosthetic hand with movements that mimicked the patient's hand movements.
T here are several diseases and conditions that lead to a loss of muscle control without disruption of the patients' cognitive abilities. These include amyotrophic lateral sclerosis, brainstem stroke, spinal cord injury, muscular dystrophy, and cerebral palsy. Brain-machine interface technology can offer these patients greater independence and a higher quality of life, providing the individual with control of external devices with which to communicate with others and manipulate their environment according to their will. 29 Several signal platforms could be used as input signals for BMIs in a clinical setting: EEG, 30 MEG, 27 neuronal ensemble activity recorded intracortically (single units) 8, 9, 28 and/or local field potentials, 1, 15 and ECoG. 14, 18, 21 Each type of signal has proven to be useful for BMIs, although each has advantages and disadvantages regarding utility in an applied setting. 1 signals can be measured noninvasively, 30 they have low spatial resolution compared with the other signals and are susceptible to artifacts from other sources. 7 Single-unit recordings have been shown to convey large amounts of information for the successful control of a prosthetic arm in a self-feeding task of monkeys. 26 This type of BMI system has already been applied to paralyzed patients, 9 but the clinical implementation of intracortical BMIs is currently impeded by difficulty in maintaining stable longterm recordings and the substantial technical requirements of the recordings. 6, 22 Electrocorticography has a higher spatial resolution and better signal-to-noise ratio than EEG or MEG. Its signals have been used to control the movement of a cursor on a computer screen, 21 to reconstruct the trajectory of a 2D arm movement, 18 and to decode a single finger movement. 16 Moreover, ECoG recordings have superior long-term stability than intracortical single-unit recordings, as well as lower technical difficulty and clinical risk. 4 Even though ECoG signals have been shown to be useful for BMI systems, they have not been used to control the movement of a prosthetic hand. Here, we propose an integrated BMI system to control the movement of a prosthetic hand using ECoG signals generated while the patient moved his hand.
Previously, we developed a system in which a patient's EMG signals were used to control the movement of a prosthetic hand. 12, 17 This system records the EMG signals and converts them into a power spectrum to classify some simple movements. The user can control the prosthetic hand by performing or attempting to perform simple hand movements, such as hand grasping, hand opening, and making a scissor shape. By combining such simple movements, an amputee was able to use the prosthetic hand for writing by holding a pen, cooking by grasping a kitchen knife, and other activities of daily living. 32 In the present study, we removed the EMG sensors and control unit from this system and attached a new unit that records and classifies ECoG signals to control the prosthetic hand. The new integrated system was designed to classify some simple movements using only 3 frequency power bands of the ECoG signals.
With the new integrated system, the ECoG signals of a stroke patient were recorded when he performed 3 types of hand movements. Time-frequency analysis of the signals demonstrated that 3 frequency power bands contained the characteristic features relating to the movements. With these features, the state and the type of movement were inferred by 2 decoders. The decoding accuracy was compared among the 3 frequency bands to identify the most informative band. With the 2 decoders, the freely performed movements were inferred so that the prosthetic hand faithfully mimicked the individual's hand in real time.
Methods

Patient
This 64-year-old man with thalamic pain on the left side of his body participated in this study. He had incomplete left hemiparesis due to a right thalamic hemorrhage 7 years earlier. He was barely able to perform simple hand movements (grasping, opening, and making a scissor shape). Subdural electrodes had been implanted on the right sensorimotor cortex to reduce intractable pain by delivering electrical stimulation. 10 First, 2 sheets of a 30-electrode array were temporarily implanted on a broad cortical area around his hand motor strip to determine an optimal stimulation site where the maximum reduction of his pain was achieved. The number and location of the electrodes were chosen to stimulate the cortical area corresponding to the body parts with pain. These electrodes were implanted for 2 weeks. Then, after the optimal site was determined, an array of 4 electrodes was implanted at the optimal site for chronic stimulation to reduce the pain. The patient participated in our study during the 2 weeks of temporary electrode placement. He was informed of the purpose and possible consequences of this study, and written informed consent was obtained. The ethics committee of Osaka University Hospital approved the present study.
Prosthetic Hand
The prosthetic hand was an experimental anthropomorphic hand developed by Dr. Yokoi. 12 The general movement mechanisms and degrees of freedom of the hand mimicked those of a human hand. The hand was equipped with 8 DC motors to independently actuate 8 individual tendons of the hand. The 8 tendons work in a coordinated manner to accomplish flexion or extension of each individual finger. The commands to the hand were updated by the host computer system every 200 msec.
Recording Methods
Sixty planar-surface platinum grid electrodes (2 sheets of a 5 × 6 array, Unique Medical Co.) were placed over the patient's right sensorimotor cortex (see Fig. 2A ). The electrodes had a diameter of 3 mm and a center-tocenter interelectrode distance of 7 mm. Video recording was performed during experiments. Electromyography recordings of the contralateral flexor digitorum superficialis muscle were collected at the same time. The video and EMG recordings were not used for the decoding but were used to identify the onset of the actual movement during offline analysis.
The location of the implanted electrodes was identified by standard neurosurgical techniques, both anatomically and electrophysiologically. After induction of general anesthesia, we performed a frontoparietal craniotomy over the sensorimotor cortex. The location of the central sulcus was estimated using preoperative MR imaging and confirmed by the phase reversal of the N20 component of the intraoperative somatosensory evoked potentials.
Movement Tasks
Experiments were performed in an electromagnetically shielded room approximately 1 week after electrode placement. The patient was instructed to perform 3 types of movements with his left hand: a grasping motion, a hand-opening motion, and a scissor-shape motion (extension of the second and third fingers). He selected and performed 1 of the 3 hand movements immediately after the presentation of a sound cue that recurred every 5.5 seconds (calibration period [ Fig. 1A] ). The sound cue was delivered from a loudspeaker controlled by Matlab 2007b (Mathworks), consisting of 3 beeps presented every 1 second. The patient was instructed to move his hand just after the third sound and to return his hand to a resting position immediately after the movement. For the resting position, the patient was instructed to relax his hand while slightly flexing his fingers. The 3 types of movement were performed approximately 40 times each. This calibration period took approximately 20 minutes with some breaks in between. During this period, there was no training of the patient.
After the calibration period with the external cues, the patient performed the same task at self-paced intervals without any external cues (free-run session [ Fig. 1B] ). The free-run session lasted for approximately 20 minutes with some breaks. Therefore, all of the experiments in this study took only approximately 1 hour. Notably, the patient performed the free-run task without training to control the prosthetic hand; indeed, it was only necessary to train the decoder to the ECoG signals obtained in the calibration period (see the Decoding Algorithms section for details).
Data Collection and Preprocessing
Electrocorticography signals were measured using a 128-channel digital EEG system (EEG 2000, Nihon Koden Corp.) and digitized at a sampling rate of 1000 Hz. All subdural electrodes were referenced to a scalp electrode placed on the nasion. The bandpass filter for the data analysis was set to 0.16-300 Hz.
At first, during the calibration period, the ECoG signals of all implanted electrodes were examined for 4000 msec in each session (-2000 to 2000 msec from the cue onset of each movement). A time-frequency analysis of the ECoG signals was performed using EEGLAB v5.03. 5 The power spectrum of the ECoG signals was analyzed for each electrode and each type of movement. From the results of the power spectrum, we identified 3 frequency power bands with characteristic modulation during the movement tasks: 1-8, 25-40, and 80-150 Hz
For the decoding analysis, the ECoG signals of all implanted electrodes were obtained by reference to the 3 beeps. Figure 1A shows the duration of the ECoG signals used for the decoding analysis: "N," ECoG signals of 1 second after the first sound; "R," ECoG signals of 1 second after the second sound; and "M," ECoG signals of 1 second after the third sound. An FFT algorithm was performed for each 1-second signal to obtain the 3 frequency power bands (1-8, 25-40, and 80-150 Hz). The FFT was performed using EEGLAB v5.03. For each trial and electrode, the R and M frequency power bands were normalized by dividing them with the corresponding power of N. The normalized M and R power bands were used as the input features for the following decoding analysis (Fig.  1A) .
In the free-run session, the 1-second ECoG signals were recorded online every 200 msec. The FFT algorithm was performed for each 1-second signal to obtain the 3 frequency power bands for each electrode. The frequency power bands of each electrode were divided by the corresponding power bands of the baseline features (baseline features were defined as the mean frequency power bands of N that were obtained by averaging the features of N for all trials in the calibration period).
Decoding Algorithms
With the features obtained in the calibration period, we constructed 2 decoders, or linear classifiers, to infer the patient's movements on a trial-by-trial basis. The decoders were trained or calculated using mathematical algorithms to infer the patient's movements using only a novel ECoG signal. The normalized powers of the 3 frequency bands (features) were used to train the 2 decoders based on the linear SVM. 31 Decoder 1 was trained to classify the movement state R or M, with the features of R and M (Fig. 1A) . Decoder 2 was trained to predict the types of performed movement with the features of M (Fig. 1A) . The mathematical details of these decoders are described in the supplementary section and the following references (http://www.cns.atr.jp/dni/en/downloads/ brain-decoder-toolbox).
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The decoding accuracy was compared among the decoding of each of the 3 frequency bands to identify the most informative frequency band. The decoding accuracy was estimated by using a 5-fold cross-validation method (Appendix).
Real-Time Decoding and Prosthetic Hand Control
The 2 decoders trained by the ECoG signals with the external cues were applied to the novel ECoG signals in real time. Decoder 1 classified the ECoG signals as either R or M to infer the onset of movement. When the inferred state changed from R to the two successive M decoder results, movement onset was inferred (or defined) as the time between R and M. Then, Decoder 2 classified the type of movement using the feature of the second M (Fig.  1B) .
According to the decoding results, the prosthetic hand was controlled to mimic the patient's movements. When the decoding result from Decoder 1 was R, the prosthetic hand was moved to the predefined resting position. When movement onset was inferred by Decoder 1, then Decoder 2 inferred the type of movement using the current ECoG signals. Then, the prosthetic hand was moved to the predefined posture of the inferred movement. The posture was maintained for 1 second, regardless of the decoding results from Decoder 1. After 1 second, the prosthetic hand was moved back to the resting position.
Results
Offline Time-Frequency Analysis
During the movements in the calibration period, the power spectrum of the ECoG signals on the sensorimotor cortex varied consistently. Figure 2B illustrates an example of the power spectrum time locked to the external sound cue during the grasping movement. The signal was recorded from an electrode on the primary motor cortex indicated by a blue arrow in Fig. 2A . As shown in Fig. 2B , the power reduction of the beta band (25-40 Hz) (eventrelated desynchronization) and the power increase of the theta (1-8 Hz) and gamma (80-150 Hz) bands (event-related synchronization) were observed around the movement onset. These frequency features, event-related desynchronization and event-related synchronization, were observed consistently on the sensorimotor cortex during the movement task.
The spatial distribution of these features on the electrodes differed depending on the movement (Fig. 2C) . The increase in the power of the gamma and theta bands was observed at the localized area of the primary motor cortex. However, the decrease in the power of the beta band was observed diffusely around the primary motor cortex (Fig. 2C) . The spatial distribution of each frequency power band differed among the 3 types of movement, especially for the gamma and theta bands. We selected these 3 frequency power bands as the input features for decoding.
Offline Analysis of Decoding
The patient's hand movement was inferred by the decoders using the frequency features of the ECoG signals on a trial-by-trial basis. Offline cross-validation analysis of the ECoG data measured during the calibration period revealed that the patient's state and the movement type were predicted with an accuracy of 79.6% (chance 50%) and 68.3% (chance 33.3%), respectively (Fig. 3) . Among the 3 frequency bands, the gamma band power exhibited the best performance for the decoding of both the states and types of movement (Fig. 3) .
Next, the trained Decoder 1 was tested to determine whether it could detect the onset of movement on a trialby-trial basis. For the calibration period, the 1-second ECoG signals were classified using Decoder 1 for every 200 msec from -2 to 2 seconds relative to the onset cue. As shown in Fig. 4 left, the inferred rate of M was low before the onset cue and high after the cue. When we defined the onset as the time Decoder 1 inferred 2 successive M results after R, the movement onset was frequently inferred just after the actual onset cue (Fig. 4 right) . Notably, 88% of the inferred onsets of movement were distributed between -0.5 to 0.5 seconds from the actual onset of the cue. For the calibration period, the movement onset was accurately inferred by the trained Decoder 1.
Real-Time Prosthetic Hand Control
Using the trained decoders, the ECoG signals were decoded in real time when the patient performed the 3 types of hand movement at an arbitrary timing (free-run period). Decoder 1 detected 61.0% of the movement onsets within 1 second from the actual onset of movement detected by the EMG signals. The mean difference be- tween the inferred onset and the actual onset of movement was 0.37 ± 0.29 msec (± SD). The majority of the patient's hand movements were detected before the actual onset of movement (Fig. 5 left) . However, the actual onset of movement of the prosthetic hand was delayed from the inferred onset timing due to the processing time (Video 1). At the detected time, the type of movement was correctly decoded with an accuracy of 69.2%. The patient's hand movements inferred by the 2 decoders were performed by a prosthetic hand in real time (Fig. 5 right) . Notably, the patient was not trained to control the prosthetic hand.
The prosthetic hand was successfully controlled to faithfully mimic the patient's hand movements using only the ECoG signals without any external cues.
Discussion
We have demonstrated that a BMI system using ECoG signals can accurately reproduce a patient's hand movements without training the patient. The system learned the features of the ECoG signals, while the poststroke patient moved his hand naturally following sound cues. The real-time decoding of ECoG signals was then successfully performed for movements without any external cues. This is the first report describing the control of a prosthetic hand in real-time using a BMI system with ECoG signals. These successful results with a post- 
Control of Prosthetic Hand by Classifying Simple Movements
Although the movement tasks performed in this study were simple compared with those in previous studies, 16 ,26 the success of our approach suggests a new way to restore the motor function of paralyzed patients. The combination of simple movements generated by the prosthetic hand is useful for activities of daily living. 32 For example, by classifying some simple hand movements with EMG signals, an amputee was able to use a prosthetic hand to improve her quality of life. This method of prosthetic control with simple movements may also be useful for controlling the prosthetic hand with ECoG signals. In addition, it has been shown that most variance in human hand postures can be accounted for by a small number of combined joint movements. 23 This means that, by combining some basic movements, a prosthetic hand could emulate most of the natural postures of a human hand. The control of a prosthetic device, by classifying some simple movements, with ECoG signals will enable a prosthetic hand to be a practical and useful device in a patient's day-to-day life.
Furthermore, ECoG signals have the potential to be decoded to infer more sophisticated movements such as playing the piano. The ECoG signals of epilepsy patients have been used to decode the movements of individual fingers. 16 Our method of controlling the prosthetic hand may be improved by using ECoG signals obtained in patients without motor dysfunction. In addition, the implantation of a high-density electrode array in the central sulcus may increase the information derived from ECoG signals. It is necessary to improve ECoG-based BMIs not only to adjust the control of a prosthetic device for activities of daily living but also to improve the ability to decode human motor representations.
Prosthetic Control by Paralyzed Patients
The clinical candidates for the BMI system are patients without muscle control of their limbs. Therefore, our method should be applicable in patients with complete paralysis. Previously, we showed that ECoG signals could be neurally decoded in patients with monoplegia. 31 Electrocorticography signals from the sensorimotor cortex in patients with brachial plexus avulsion were successfully decoded when the patients only intended or attempted to move their completely paralyzed upper limbs. The intention of movement was inferred accurately by a decoder trained by the same method used in the present study. By using simple and common movements that can be easily planned by patients, our method may be applicable to a large number of paralyzed patients as a clinically beneficial device to restore their motor functions.
Usefulness of ECoG Signals From the Gamma Band Power
Decoding analysis of the ECoG signals revealed that the gamma band power was the most informative in inferring the state and type of hand movement among the 3 frequency bands. This result was consistent with previous studies in which human movements were inferred using ECoGs. 18, 21 Moreover, the power increase of the gamma band correlates with the firing activities of neurons representing neural information. 19, 20 Thus, the information contained within the gamma band facilitates the use of ECoG signals in a clinically applicable BMI system. Among the currently available signal platforms for BMI, intracortical recordings have been shown to provide the largest amount of information to decode movements by using the firing activities of neurons. 24, 26 However, this method is associated with difficulties in maintaining stable long-term signals and substantial technical difficulties in recording the signals. Therefore, clinical application of these signals is impeded. 13 Electrocorticography signals are superior to intracortical signals with respect to stability and durability, as demonstrated in monkeys over a 1-year period. 4 On the other hand, with noninvasive signal platforms, such as EEG and MEG, it is difficult to record the gamma band power on a trial-by-trial basis. 27 With ECoG, the gamma band power is consistently available to infer movements on a trial-by-trial basis and may be recorded for a much longer time than intracortical recordings. Therefore, although ECoG is an invasive recording technique, it provides a promising signal that could be used for a BMI in the clinical setting.
Conclusions
The real-time decoding of the ECoG signal using the gamma band power was applied successfully to allow a paralyzed patient to control a prosthetic hand. This success may lead to the development of a clinically feasible BMI system that uses the safe and stable ECoG signals. Our method of using the combination of simple movements paves the way for the restoration of motor function in paralyzed patients using a prosthetic arm controlled by a BMI through ECoG signals.
Fivefold Cross-Validation
To test the generalization of the decoders, we used 5-fold cross-validation as a performance measure. 2, 3 We randomly divided the trials into 5 blocks, using 4 for training and 1 for testing. We then used all of the training data to train the classifier and evaluated its performance on the test data. This routine was repeated 5 times, and the averaged correct percentage over all runs is presented as a measure of decoder performance.
